The gut microbiome is an integral part of a species' ecology, but we know little about how host characteristics 35 impact its development in wild populations. Here, we explored the role of such intrinsic factors in shaping the gut 36 microbiome of northern elephant seals during a critical developmental window of six weeks after weaning, when 37 the pups stay ashore without feeding. We show that the early-life gut microbiome is already substantially different 38 in male and female pups, even though males and females cannot yet be distinguished morphologically. Sex and 39 age both explain around 15% of the variation in gut microbial beta diversity, while microbial communities sampled 40 from the same individual show high levels of similarity across time, explaining another 40% of the variation. Only 41 a small proportion of the variation in beta diversity is explained by health status, but healthy individuals have a 42 greater microbial alpha diversity than their non-healthy peers. Across the post-weaning period, the elephant seal 43 gut microbiome is highly dynamic. We found evidence for several colonisation and extinction events as well as a 44 decline in Bacteriodes and an increase in Prevotella, a pattern that has previously been associated with the 45 transition from nursing to solid food. Lastly, we show that genetic relatedness is correlated with gut microbiome 46 similarity in males but not females, again reflecting substantial early sex-differences. Our study represents a 47 naturally diet-controlled and longitudinal investigation of how intrinsic factors shape the early gut microbiome in 48 a species with extreme sex differences in morphology and life history. 49 50 51 promoting the development of organs, assisting nutrient uptake and priming and modulating the immune system 57
which are collectively termed the 'gut microbiome'. Gut microbes benefit their host in many ways, such as 56 6 Weaning typically occurs close to 28 days after birth (Reiter et al., 1978) and marks the time that the mother 149 abandons her pup and returns to the sea. At this moment, we sampled the newly weaned pup (time point T1). To 150 analyse the gut microbiome composition, we took rectal swabs using FLOQSwabs TM , which were immediately 151 stored in 70% EtOH, frozen at -20˚C within a few hours after collection and subsequently stored at -80˚C shortly 152 after the end of the field season. To determine the genetic relatedness of individuals, we collected a small skin 153 sample (9 mm 2 ) from the flipper of each pup and stored these individually in sterile cryogenic vials containing 154 70% EtOH. The vials were frozen at -20˚C within a few hours after collection and were subsequently stored at -155 80˚C. During the T1 sampling period, we collected rectal swabs and skin samples from 40 pups, which were 156 marked with plastic flipper tags with a unique ID number. Subsequently, we observed these pups on a daily basis 157 and captured them after 15 days (T2) and 30 days (T3) to collect two additional rectal swabs for microbial profiling. 158
The entire sampling scheme spanned the two-month long fasting period during which the weaned pups stay ashore 159 (Reiter et al., 1978) . We sampled blood from each individual to assess its health status at T1 and T3, Briefly, blood 160 was collected from the extradural intervertebral vein, using a vacuum blood collection device with a 18 G needle. 161
Blood samples were preserved with EDTA and were used to determine the total and differential leukocyte counts 162 as has been described previously (Flores-Morán et al., 2017). Throughout the field season, we lost six of the 163 marked pups, as one died between T1 and T2, one between T2 and T3, one was not found after T1 and three pups 164 were lost after T2, despite intensive searching effort. Thus, sample sizes were 40 pups at T1, 38 at T2, and 34 at 165 
Bioinformatics pipeline 196
The 16S sequences in FASTQ format were demultiplexed using the Illumina bcl2fastq 2.16.1.14 software while 197 allowing up to 2 mismatches or Ns in the barcode. Reads were sorted according to their barcodes, allowing up to 198 1 mismatch per barcode before removing the barcodes. Reads with missing, one-sided or conflicting barcode pairs 199 were discarded. Adapters were clipped using cutadapt 1.13 (Martin, 2011) and all reads smaller than 100 bp were 200 filtered out. Amplicon primers were detected while allowing for up to three mismatches, and primer pairs 201 (Forward-Reverse or Reverse-Forward) had to be present in the sequence fragments. If primer dimers were 202 detected, the outer primer copies were clipped from the sequence and the sequence fragments were turned into 203 forward-reverse primer orientation after removing the primer sequence. For each blood smear, we quantified the differential white blood cell populations by counting the number of 226 lymphocytes, neutrophils, band neutrophils, hypersegmented neutrophils, monocytes, basophils, and eosinophils, 227 in 100 leukocytes. Absolute numbers for each leucocyte type were calculated by multiplying the total white blood 228 cell count, previously determined by the use of a Neubauer chamber, by the proportion of each leucocyte type. 229 Overall, 1063 ASVs were retained across all 112 samples in the filtered dataset. Before analysing microbiome 243 similarities across groups, we applied the variance stabilising transformation (VST) in DESeq2 (Love, Huber, & 244 Anders, 2014), which uses a negative binomial mixed model to account for differences in library size across 245 samples and to disentangle the relationship between the variance and the mean inherent to count data. Compared 246 to other normalisation and transformation methods traditionally applied to microbiome data, the VST has the 247 advantage of using all of the available data and is therefore preferable both to rarefying approaches (McMurdie &  248 Holmes, 2014) and to transforming the data into relative abundances, which still has the problem of 249 heteroscedasticity (Love et al., 2014) . Based on the VS transformed data, we calculated Bray-Curtis dissimilarities 250 (Bray & Curtis, 1957) among samples to visualise group differences using principle coordinate analysis (PCoA). 251
We then statistically evaluated the microbiome composition in relation to sex, time point, host ID and health status 252 using permutational multivariate analyses of variance (PERMANOVA, Anderson, 2001) with 1000 permutations 253 using the adonis function in vegan (Oksanen et al., 2017) . This approach is analogous to a parametric analysis of 254 variance as that it partitions distance matrices into sources of variation and produces a pseudo-F value, the 255 significance of which can be determined using a permutation test. As group differences detected using a 256 PERMANOVA can be caused by variation in dispersion across groups rather than differences in mean values 257 (Anderson, 2001), we tested for homogeneity of group dispersions using betadisper in vegan (Anderson, 2001; 258
Oksanen et al., 2017) with post-hoc comparisons between specific contrasts evaluated with Tukey's 'honest 259 significant differences' method. 260
261
A main interest in microbial research is to determine the specific bacterial taxa that differ among groups. We 262 therefore used the filtered but untransformed ASV data in combination with the DESeq2 method to determine 10 differential abundances (Love et al., 2014) . DESeq2 models abundance data such as microbial counts using a 264 negative binomial distribution, estimates log fold changes between groups based on the specified model, and 265 corrects the resulting p-values with a Benjamini and Hochberg false-discovery rate correction (Benjamini & 266 Hochberg, 1995) . As our ASV count matrix contained at least one zero in every row, we calculated the underlying 267 size factors using the 'poscounts' estimator, which excludes zeros when calculating the geometric mean. To extract 268 the appropriate group-specific contrasts, we fitted three different models and used a threshold of p < 0.01 to detect 269 significant ASVs. Specifically, for analysing differential abundances between time points but within a given sex, 270 the first two models contained ASV data for just females and just males respectively, while fitting both individual unbiased for small sample sizes and converged towards stable values for the number of loci used in this study individuals for further analyses, we merged the microbial data across the three time points for every individual by 293 summing up the ASV abundances. The 40 merged microbiome samples were then transformed using the variance-294 stabilising transformation in DEseq2 before calculating Bray-Curtis dissimilarities. Both the genetic relatedness 295 matrix and the microbial dissimilarity matrix were then split by sex to calculate their correlation using a Mantel 296 test implemented in the ecodist package (Goslee & Urban, 2007) using 10,000 bootstraps with the default 297 resampling level of 0.9 to calculate confidence intervals and 10,000 permutations to test for statistical significance. 298
We furthermore wanted to test for a difference in slopes between males and females, which is not possible using 299
Mantel tests. Consequently, we fitted a simple linear model of microbiome similarity that included an interaction 300 term between relatedness and sex. In this model, we essentially treated pairwise comparisons as data points, which 301 makes the normal p-value meaningless due to pseudo-replication in the data. We therefore estimated the interaction 302 slope and its confidence interval using parametric bootstrapping, and determined the corresponding p-value by 303 randomly permuting the relatedness vector and re-fitting the model. This resulted in a distribution of interaction 304 estimates and yielded the probability of seeing an effect as strong or stronger than the observed effect by chance. 305
306
We investigated the proportion of gut microbiota that are impacted by host genetics using a subsampling exercise. 307
We began by calculating microbial similarities from the two most abundant ASVs and determining the strength of 308 correlation of the resulting microbial similarity matrix with genetic relatedness. We then iteratively repeated this 309 procedure while always adding the next two most abundant ASVs until we reached the complete dataset containing 310 1064 ASVs. Lastly, we wanted to know whether the correlation between genetic relatedness and microbial 311 similarity changed across the three time points and if it differed between sexes. We therefore used the original 312 unmerged dataset and subsetted both the microbial and genetic datasets six times to calculate and visualize the 313 correlation for all three time points and both sexes. 314
315

Results
316
To investigate the development of the gut microbiome in young northern elephant seals, we collected rectal swab 317 samples from 40 animals during three time points after weaning. We started sampling immediately after their 318 mothers stopped nursing and returned to the sea (time point T1) and then resampled each individual after two (T2) 319 and four weeks (T3). The individuals were on average 28, 43 and 58 days old at time points T1, T2 and T3 320 respectively. As a few animals were lost or found dead during the study period (see Materials and methods for 12 details), our final sample comprised a total of 112 rectal swabs across three time points for which we quantified 322 bacterial communities using 16S rRNA sequencing. After assembling the raw reads into amplicon sequence 323 variants (ASVs), we retained 1063 ASVs with an average of 286 ± 67 ASVs (mean ± sd) per sample. 324 325
Characterization of the gut microbiome 326
Overall, the main bacterial phyla that we identified were typical of a mammalian gut microbiome (Figure 1) , with 327 the majority of ASVs belonging to the phyla Bacteroidetes (mean ± sd = 34% ± 2%), Firmicutes (mean ± sd = 328 29% ± 1%), Fusobacteria (mean ± sd = 19% ± 3%), and Proteobacteria (mean ± sd = 13% ± 1%). The relative 329 abundances of these four phyla remained relatively stable over time, except for the Fusobacteria, which decreased 330 steadily during weaning (Figure 1) . However, at a finer taxonomic scale, we observed substantial changes across 331 the three time points (see below). We characterised the core microbiome at different developmental stages during the weaning period by extracting 340
ASVs that appeared in at least 95% of samples at each time point ( Supplementary Tables 1-3 ). Directly after 341 weaning (T1), we identified 21 core ASVs, with two ASVs from the genera Fusobacterium and Bacteroides 342 making up more than 25% of the average microbiome across individuals. This pattern changed substantially at T2 colonizer and the second most abundant genus. Concurrently, an ASV from the genus Bacteroides, which initially 350 was the second most abundant taxon, decreased substantially in relative abundance ( Supplementary Table 3 Figure 2A shows variation due to sex and sampling time 358 point (i.e. the age of individuals). Along the first axis, which accounts for 28.5% of the multidimensional spread 359 in the data, a visible transition is apparent from the moment of weaning (T1) to the last sampling point (T3), shortly 360 before the seals depart to the sea for feeding on their own, with samples from T2 being intermediate. A strong 361 separation is also visible along axis 2, which accounts for 13.4% of the variation and reveals substantial differences 362 in gut microbiome composition between the two sexes across the three sampling time points. Furthermore, 363 microbiome samples from the same host cluster together, showing intra-individual consistency of gut microbial 364 communities across the weaning-period ( Figure 2B) . Lastly, Figure 2C At a finer scale, we used boxplots and raw data to visualize trends across time and sex for different hierarchical dynamics, including multiple colonization and extinction events and often contrasting patterns at different 411 taxonomic level. To quantify differences at the highest possible resolution, we tested for differentially abundant 412
ASVs across time points and sexes using the DESeq2 method (Love et al., 2014) . We provide a detailed description 413 of all differential abundances in the Supplementary Material 2. Overall, the majority of significant changes in 414 microbial abundances for both females and males happened between T1 and T2 (F: n = 100, M: n = 106) with less 415 than half as many ASVs changing in abundance from T2 to T3 (F: n = 43, M: n = 26). Most of the ASVs that 416 changed over time belonged to the Clostridia and Bacteroidia in both sexes (see Supplementary Figure 8 ). The 417 number of differentially abundant ASVs between males and females was similarly large at all time points (T1: n 418 = 96, T2: n = 102, T3: n = 80, see Supplementary Figure 9 ), and more than a third belonged to the Clostridia 419
Family XI and the family Ruminococcaceae. However, while the overall number of differentially abundant ASVs 420 between the sexes remained fairly similar throughout weaning, their taxonomic diversity appeared to increase 421 ( Supplementary Figure 9) . (R 2 = 0.06, 95% CI [0.01, 0.18]) but revealed a higher diversity for males than for females (b = 0.20, 95% CI 431 [0.03, 0.39]). Moreover, Shannon diversity was stable across the post-weaning period and did not change between 432 any two time points (T2 vs. T1: (b = 0.12, 95% CI [-0.10, 0.34], T3 vs. T1: b = 0.12, 95% CI [-0.07, 0.34]). These 433 patterns are shown as boxplots alongside the raw data points in Figure 3 . Contrary to microbial composition (beta 434 diversity), where samples from the same host were more similar over time than between hosts, the alpha diversity 435 of samples from the same individuals was not repeatable across time points (r = 0.1, 95% CI [0.00, 0.3]). 436
We then modelled the association between microbiome diversity and health status of individuals using a mixed 437 model that only included data from the two time points in which we sampled blood and assessed the health of individuals hosted more diverse microbiomes than non-healthy individuals (b = 0.32, 95% CI [0.08, 0.55]), males 440 had a slightly higher diversity than females (b = 0.15, 95% CI [-0.10, 0.40]) and the diversity was slightly higher 441 at T3 than at T1 (b = 0.18, 95% CI [-0.04, 0.41]). Notably, this analysis suggests that the difference in diversity 442 between males and females can be partially explained by a difference in the average health status of the two sexes, 
Association between genetic relatedness and beta diversity 454
A fundamental topic in microbial ecology is the importance of host genotype for the formation of the gut 455 microbiome. We approached this question by quantifying the correlation between host genetic relatedness and 456 microbial similarity (Figure 4) . Mantel tests showed a significant association in males (r = 0.26, CI [0.17, 0.34], p 457 = 0.0013), which was visible across all three time points ( Supplementary Figure 1) . By contrast, we found no 458 relationship in females, either overall (r = 0.06, CI [0.00, 0.12], p = 0.41) or within each time point (Supplementary 459 Figure 4 ). As a difference in significance is not always a significant difference, we fitted a linear model to test for 460 differences between the sex-specific slopes by fitting an interaction between relatedness and sex, with microbial 461 dissimilarity as the response. The interaction term estimate was also negative (β = -0.11, CI [-0.23, -0.006], p = 0.02), indicating that microbial dissimilarity is more negatively correlated with genetic relatedness in males than 463 in females. 464
465
To further investigate the effect of host relatedness on microbial similarity, we evaluated how many bacterial taxa 466 are influenced by host genetics. We calculated the mantel correlation between genetic relatedness and microbial 467 similarity based on an increasing number of ASVs, starting with the two most abundant (relative abundance) and 468 iteratively increasing the number by the next two most abundant ASVs until we reached the full dataset ( Figure  469 5). For females, the pattern across all subsets reflected the results from the full dataset and did not show a 470 significant association between genetic relatedness and bacterial similarity. For males, a small number of ASVs 471 contributed strongly to the overall correlation, but a peak in Mantel's r was not reached until the 300 most abundant 472
ASVs were included in the analysis. This suggests that a large proportion of taxa are at least slightly impacted by 473 the host genotype as they contribute iteratively to an increasingly strong correlation. despite the fact that they are fasting. One possible explanation for this pattern could be a role of Prevotella for 524 modulating immune tolerance instead of a diet-related function, which has previously been found in humans 525 (Larsen, 2017) . 526 527 Despite these changes in the composition of gut microbial communities, which include abundance changes as well 528 as colonisation and extinction events, the average alpha diversity of elephant seal gut microbiomes was relatively 529 stable throughout our study. This is surprising, as alpha diversity is usually quite dynamic across both shorter and . Although 540 sex-differences may truly be small in some species, it is also possible that the effects of external factors such as 541 diet or environment on gut microbial communities mask the effects of sex. In contrast to most of the literature, we 542 found sex to be a strong and early determinant of gut microbiome composition, but not diversity, in elephant seals. 543
In fact, sexual dimorphism in the gut microbiome composition precedes any morphological dimorphism, making 544 it a precursor to what later becomes an extreme morphological and behavioural sexual dimorphism in adult 545 elephant seals. 546
547
We found that apparent sex-differences in the gut microbiome alpha diversity (but not beta diversity) were largely 548 explained by a higher proportion of healthy pups in males than in females. Animals that were categorized as 549 healthy on the basis of their blood parameters possessed higher gut bacterial diversity than pups categorized as and the observed deviations from normal blood values were mild, it is likely that the pups categorized as 'non-555 healthy' were suffering from some type of acute transient infection. Further investigation into associations between 556 the gut microbiome, systemic and local immune effectors, and specific diseases could help to improve our 557 understanding of links between clinical health and microbiome diversity. However, it is plausible that rather than 558 signalling a direct relationship between microbiome diversity and health, our results could be a reflection of early 559 sexual dimorphism in enteric immune tolerance, which would impact the establishment and stability of gut 560 microbial communities (Duerr & Hornef, 2012; Fulde & Hornef, 2014). 561 562 study focused on adults, which show extreme sexual size dimorphism as well as marked sex specific differences 565 in behaviour, diet and foraging behaviour, which would be expected to have strong effects on host associated 566 microbial communities (Hindell et al., 2016) . By contrast, male and female northern elephant seal pups are not 567 visually distinguishable, and before our first sampling all pups remained close to their mothers to nurse, such that 568 variation in behaviour, diet and social interactions was negligible. Furthermore, there is evidence for an equal 569 maternal energy investment in female and male pups during nursing with respect to milk intake (Kretzmann, Costa, 570 & Le Boeuf, 1993) and offspring mass change (Deutsch, Crocker, Costa, & Le . It is therefore 571 remarkable that males and females host very different gut microbiomes even directly after weaning, which could 572 be due to early sex-specific intestinal adaptations and is consistent with earlier findings that diet can have sex-573 dependent effects on gut microbial communities (Bolnick et al., 2014) . Whether sex-specific gut microbes are 574 early signs of adaptation related to different adult feeding strategies or other life-history challenges will need to be 575 examined in future studies. 576
577
A largely unanswered question is how strongly host genetics impacts the composition of the gut microbiome in 578 wild populations. In humans and mice, genome-wide association studies have shown that at least a small 579 proportion of the microbiome is genetically determined (Goodrich et al., 2016; Kurilshikov et al., 2017) . It has 580 also been shown that genetically more similar humans harbour more similar gut microbial communities 581 (Zoetendal, Akkermans, Akkermans-van Vliet, de Visser, & de Vos, 2001), a pattern that seems difficult to 582 replicate in natural populations (Degnan et al., 2012) . In the wild, however, environmental factors such as diet, 583 habitat or social behaviour are difficult to control for and are likely to mask any smaller, more subtle effects of 584 host genotype. In this study, we found that genetically related males hosted more similar gut microbiomes. 585
However, this was not the case in females, which also carry different gut microbiomes than males. This sex-586 specific relatedness-microbiome association is visible also within each sampling time point and is robust to the 587 exclusion of a large number of microbial taxa. However, whether this difference is due to a temporal asymmetry 588 in microbiome development among females and males or reflects more permanent sex-specific physiological 589 mechanisms is still unclear. 590
